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An Efficient Approach to Understanding and Predicting the Effects of Multiple Task 
Characteristics on Performance. 
 
In ergonomics there is often a need to identify and predict the separate effects of 
multiple factors on performance. A cost-effective fractional factorial approach to 
understanding the relationship between task characteristics and task performance is 
presented. The method has been shown to provide sufficient independent variability 
to reveal and predict the effects of task characteristics on performance in two 
domains. The five steps outlined are: selection of performance measure, task 
characteristic identification, task design for user trials, data collection, regression 
model development and task characteristic analysis. The approach can be used for 
furthering knowledge of task performance, theoretical understanding, experimental 
control and prediction of task performance. 
 
Keywords: methods; product design; performance; orthogonal; fractional-factorial 
 
Practitioner Summary: A cost-effective method to identify and predict the separate 
effects of multiple factors on performance is presented. The five steps allow a better 
understanding of task factors during the design process. 
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1. Introduction 
Understanding the interaction between the task and human performance is fundamental to 
ergonomics and successful design. The task a user performs usually involves multiple, 
complex and inter-relating factors (e.g. Layer, Karwowski and Furr 2009), from physical 
design characteristics to information used for decision-making tasks. These multiple task 
characteristics have to be understood and manipulated to create the best outcomes for the 
user. This process can depend upon expert knowledge and intuition, rather than objective 
evidence (Han and Hong 2003). In order to produce the best outcomes there is a need for 
methods to understand the relationship between the task characteristics and task performance. 
This requires methods to create independent variability in order to reveal the separate effects 
of task characteristics on performance. Full-factorial designs soon become unwieldy when 
there are many factors, yet although a variety of fractional factorial approaches have been 
used in various domains, they have not proved popular within ergonomics (Naugraiya and 
Drury 2009). This paper presents a particularly efficient method that can be applied within 
various contexts. 
To elaborate the problem and the issues presented in understanding multiple factors in 
task scenarios, two differing contexts are considered. These contexts are also used to 
illustrate the approach and its successful application below. Firstly, the method presented has 
been used to identify the key task characteristics involved in self-assembly product and 
construction play difficulty (names deleted to maintain the integrity of the review process). 
Within this context the design of self-assembly products and the associated instructions, can 
be improved if there is an understanding of how each design factor increases difficulty for 
consumers. For example, one might want to know whether a higher number of components 
leads to greater difficulty than the level of component symmetry, or the variety of 
components. Considering several factors in a full-factorial design is not practical, therefore 
the approach outlined below has answered such issues using an efficient fractional-factorial 
approach, in seven studies with both adults and children. In addition to identifying the task 
characteristics that cause assembly complexity and impact on performance, the model has 
consistently been able to predict performance across differing assemblies, construction 
materials and task characteristic combinations, with ecological correlations between 
predicted and actual performance reaching r = 0.977 (name deleted to maintain the integrity 
of the review process). The systematic approach has provided robust evidence that can 
provide practical guidelines for handling task characteristics for application during design 
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(e.g. name deleted to maintain the integrity of the review process), or providing a basis for 
new international standards for self-assembly product instructions (COPOLCO, 2012). 
The second context used to elaborate the problem and for illustration, moves away 
from physical design factors, to the need to understand how task information relates to task 
decision-making. The design and use of nutrition labels and understanding how they are used 
to rate the healthiness of foodstuffs requires an understanding of how each nutrient is used 
(name deleted to maintain the integrity of the review process). For example, do consumers 
consider saturated fat content more than sugars and salt? The method presented enabled the 
nutrients used by consumers to be identified, with the relationship model identifying the same 
key nutrients as eye-movement recording, with the two approaches producing similar results 
for the relative importance of all the nutrients (r = 0.88). The systematic approach brought 
robust and objective evidence to the domain, providing evidence for policy decisions in the 
US (Anater et al. 2012; Hersey et al. 2011) and support policy change in New Zealand and 
Australia (e.g. Royal Australasian College of Physicians, undated; Lyon 2012). 
Research into understanding the factors involved in a task often studies a single or 
small number of variables and their various levels, but as the number of factors increases this 
approach becomes impractical. Despite there often being multiple factors involved in task 
design issues, fractional factorial designs are uncommon in ergonomics practice, and there 
has been a variety of approaches in the small number of studies that do appear  (Naugraiya 
and Drury 2009). A likely issue in the poor uptake is the efficiency of the approach. While 
fractional-factorial methods present a cost-saving through reducing the level of data 
collection and design points, they can still require investment in time and resources. For 
example, Camasso and Jagannathan (2001) present a fractional-factorial design that requires 
32 design points to be created to study eight factors. The method presented below would 
require nine. Response Surface Methodology (RSM) has been used in other disciplines and is 
well suited to virtual and simulation based design approaches as it reduces the number of 
data-points required markedly. However, there is complexity in the approach, for example it 
requires multiple studies for variable screening with Han, Williges and Williges (1997) using 
75 design points over three experiments. The method presented below would require 17 
design points within a single repeated-measures study, as significant reduction in area that 
can be resource intensive. 
The efficient approach presented involves manipulating identified task characteristics 
in a balanced, fractional factorial and orthogonal design. The fractional factorial design of all 
the possible combinations provides sufficient variability to reveal the separate effects of each 
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characteristic. While the orthogonal aspect controls the relationship between the 
characteristics, providing sufficient independent variability so that the relative importance of 
the design features is reliable (c.f. names deleted to maintain the integrity of the review 
process). 
2. Orthogonal Relationship Model 
The approach is based upon building an orthogonal relationship model in order to 
analyse the relationship of task characteristics to a performance metric. Broadly similar 
approaches building relationship models can be found, particularly in affective product 
design. For example Han and Hong (2003) introduce a systematic approach for coupling user 
satisfaction with product design. However, the method presented below serves a wider 
purpose and includes an orthogonal design to control inter-relationships between task 
variables, and thereby reveal their effects, rather than excluding variables that correlate 
highly with each other. Orthogonal arrays are important in all areas of human investigation 
(Hedayat, Sloane and Stufken 1999) and used in experimental design within allied disciplines 
such as systems engineering (e.g. Huynh 2011). 
The orthogonal relationship model consists of the individual task characteristics and a 
performance metric, for example time or other measure of task success. A successful model 
will explain the relative importance of the task characteristics, predict performance and help 
determine how performance might be improved. The approach can inform our quest for 
fundamental understanding and considerations of use (Karwowski 2005). Therefore, the 
method presented can be applied in a range of scenarios, from understanding the impact of 
physical task characteristics on performance, to gaining insight to how a user weights certain 
task characteristics in decision-making tasks. The method presented and mathematical model 
also allows the development and control of materials during experimental design, being used 
to systematically and incrementally increase task difficulty (Nath and Szücs 2014).  
Once the research question has been defined, the approach consists of five steps 
(illustrated in Figure 1): selection of performance measure, identification of task 
characteristics, task design for user trials, data collection, development of regression model 
and analysis of task characteristics. 
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3. Selection of the Task Performance Measure  
The research aim informs the metric selection and definition, which is an important part in 
the validity of research and needs careful consideration (Pedhazur and Pedhazur Schmelkin 
2013). Performance is a complex phenomenon with many facets and many causes; it has 
several sources of variation (Pedhazur 1997). The metric could be a measure of task 
performance, such as task difficulty and complexity, which relate to the qualitative state of 
the task (Stankov 2000). Difficulty, often measured in terms of time or errors, is a common 
metric as it refers to a quality of the task and how hard or complex that task is. This is driven 
by the characteristics of the task that define its inherent complexity, subsequent processing 
time and the likelihood of errors. This is a likely scenario in the present context, although see 
Walker et al. (2010) for a wider consideration of complexity in ergonomics. 
As performance differences can be related to basic elements of human capability, a 
wide range of measures could be relevant from objective measures of specific aspects of 
human performance (e.g. physiological measures) to subjective measures (e.g. mental 
workload). Tapping into the relationships between human and task characteristics can be used 
to gain insight into other aspects, such as task cognition. 
4. Identification of Task Characteristics  
The investigation into the relationship between task characteristics and the chosen 
performance metric requires carefully selected, and depending on the research aims, 
theoretically justified task characteristics to be identified. These are operationalised as 
independent variables in the user trial task design and regression model. In some 
circumstances the task characteristics will be clear and pre-defined, for example, the nutrients 
displayed in nutrition labels are fixed. In other cases task description will be required in order 
to identify task characteristics that relate to task operations and performance. These task 
characteristics will be hypothesised to affect the chosen metric (dependent variable in the 
regression model).  
Task description suggests the use of Task Analysis (TA) methodologies. The various 
TA methodologies provide a framework for describing tasks in sufficient detail to identify 
individual decisions and actions required by the human. Equally TA can be used to identify 
which details of the task relate to physical characteristics of the task or cognition. Task 
analysis may be seen as a specific and meticulous method or a less detailed guiding 
framework for neutral examination of tasks (Shepherd 1998). In the present context the latter 
is more relevant as the task characteristics identified, and results, will often need to be 
generalisable and applied to a range of task applications. In order to identify generic task 
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characteristics there is a need for a generic task analysis that describes a variety of tasks 
within the domain. The purpose of a generic TA is to identify the fundamental steps (task 
sub-operations) required during a task and provide a guiding framework that can then be used 
to identify and define task characteristics related to the chosen metric.  
For example, during an assembly task a generic sub-operation is to orientate the 
selected components. Orientation of the component is critical to their positioning, fastening 
and task completion. There is also theoretical justification for a task characteristic related to 
component orientation as spatial orientation and mental rotation is cognitively demanding. 
Once a task sub-operation is identified there is a need to propose a definable task 
characteristic hypothesised to relate to the chosen metric. In the current example, the process 
of orientation of the component to allow positioning is affected by the characteristics of the 
component, for example a symmetrical component can be placed in more than one 
orientation. Therefore, decisions relating to orientation of components to allow positioning in 
the assembly are related to the number of symmetrical planes of the component. With a 
higher level of symmetrical planes fewer rotations are required until the correct orientation is 
found. Therefore the number of symmetrical planes per component will impact on cognition 
and task complexity.  Within the example of self-assembly tasks, a task characteristic that 
relates to the sub-operation of orientation can be identified as the level of ‘component 
symmetry’, which can be operationalised as the mean number of ‘symmetrical planes’ within 
the assembly task. 
5. Design Tasks for Data Collection in User Trials 
This section explains the method used to develop the materials used during data collection. 
The method requires the task characteristics to be manipulated in a series of tasks that will 
enable the relationship between the characteristics and metric to be studied. Existing tasks 
may be used, but correlation between characteristics is likely to be a problem as there will be 
no control of the interactions between the task characteristics causing issues during the 
analysis phase. Further, the task characteristics identified could be distinct for theoretical 
reasons, but related in actual task designs. An experiment-based approach where the task 
characteristics are manipulated using bespoke tasks offers greater control and there can be 
greater confidence in interpreting the regression coefficients.  
To establish an accurate model of the relationship between the task characteristics and 
chosen metric the tasks must be rigorously controlled so that the correlation between the task 
characteristics is kept to a minimum; the task characteristics levels should be mutually 
independent or orthogonal. 
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The cost of this control can be the ability to use realistic tasks, because the tasks 
created from orthogonal task variables levels will be artificial or abstract. However, once the 
relationship of the task variables to assembly complexity has been established a return to 
investigating real-world tasks is possible. Although, the work with self-assembly tasks has 
shown the key factors found in abstract assemblies to be repeated in real-world assembly 
tasks (name deleted to maintain the integrity of the review process) 
A further disadvantage with this approach is that exercising control of the task 
variables may distort relations among the variables of interest, this should be considered 
before applying this approach. The potential benefits, as indicated in the referenced work in 
nutrition and self-assembly, are identifying the key task characteristics and developing a 
powerful relationship model. 
5.1 Task Characteristic Levels 
A balanced fractional factorial design is a common method for defining a subset of stimuli 
for evaluation as it provides an effective use of resources and the statistical properties of the 
study are known in advance (Gunst and Mason 2009). The minimum number of stimuli to 
ensure reliability of the results can be calculated by subtracting the number of task 
characteristics (TCs) from the total number of levels (L) across all characteristics and adding 
one (((TCs x L) - TCs) + 1),  (Hair et al. 2006).  
A set of tasks that systematically vary the levels of each task characteristic are 
required so that the influence of each task variable can be examined independently of the 
others. To create these tasks, each task characteristic is assigned a value, either high, medium 
or low; or two levels can be used (high or low). For example, using two levels for seven task 
characteristics (2
7
) will produce a total of 128 possible combinations. Statistical software 
(e.g. SPSS) can then be used to produce an orthogonal design based on a random sample of at 
least the minimum sample for the fractional factorial design. For example, using (((TCs x L) - 
TCs) + 1), the minimum sample is 8 (((7 x 2) -7) + 1). 
As an example, Table 1 shows the task characteristic levels used to design test 
assembly tasks in previous research. For example, assembly three contained: A low number 
of component parts; a high level of symmetrical planes, a variety of components to create a 
high number of novel assemblies, a high number of fastenings, a low level of fastening points 
and a low number of component groups. Adding unneeded items to the components increased 
the selections variable.  
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 Components Symmetrical 
Planes 
Novel 
Assemblies 
Fastenings Fastening 
Points 
Component 
Groups 
Selections 
Assembly Level Actual 
Score 
Level Actual 
Score 
Level Actual 
Score 
Level Actual 
Score 
Level Actual 
Score 
Level Actual 
Score 
Level Actual 
Score 
1 Hi 9 Lo 1.00 Lo 2 Hi 12 Hi 6.22 Hi 5 Hi 17 
2 Hi 9 Hi 2.44 Lo 2 Hi 12 Lo 2.70 Hi 5 Hi 17 
3 Lo 5 Hi 2.40 Hi 4 Hi 10 Lo 4.00 Lo 2 Hi 13 
4 Lo 5 Hi 2.40 Lo 2 Lo 4 Hi 9.00 Hi 3 Hi 13 
5 Lo 4 Lo 1.00 Lo 2 Lo 4 Lo 2.00 Hi 4 Hi 12 
6 Hi 8 Lo 1.25 Lo 2 Hi 12 Hi 7.25 Lo 2 Lo 8 
7 Lo 5 Lo 0.20 Hi 4 Hi 8 Hi 8.60 Hi 4 Lo 5 
8 Lo 5 Lo 1.00 Lo 1 Lo 4 Lo 2.40 Lo 1 Lo 5 
9 Hi 8 Hi 2.75 Hi 5 Lo 4 Hi 5.75 Lo 2 Hi 17 
10 Lo 5 Lo 1.20 Hi 4 Hi 11 Hi 9.00 Lo 1 Hi 13 
11 Lo 5 Hi 1.80 Hi 4 Hi 9 Lo 3.80 Hi 4 Lo 5 
12 Lo 4 Hi 2.75 Lo 1 Lo 3 Hi 8.00 Lo 1 Lo 4 
13 Hi 9 Lo 0.67 Hi 11 Lo 4 Lo 1.70 Hi 4 Lo 9 
14 Hi 10 Hi 2.10 Lo 1 Hi 9 Lo 1.80 Lo 1 Lo 10 
15 Hi 9 Hi 2.78 Hi 9 Lo 4 Hi 6.44 Hi 4 Lo 9 
16 Hi 9 Lo 0.30 Hi 8 Lo 3 Lo 1.70 Lo 1 Hi 18 
 
 
Table 1. Task characteristic levels used to design assembly tasks (from name deleted to 
maintain the integrity of the review process). 
 
 
To ensure an orthogonal design the task characteristics levels should be modified as 
follows: calculation of the actual task characteristic levels for each task; analysis of the 
correlation between task characteristics; modification of tasks ensuring a range of 
construction task characteristic levels (e.g. high and low based on the mean) and reduction of 
any high correlations. Ensuring correlations between the task characteristics are low will help 
avoid multicollinearity causing issues in the subsequent regression analysis. Although higher 
levels of correlation are deemed acceptable (e.g. r = .80, Field 2009), the work of [name 
deleted to maintain the integrity of the review process] worked to a maximum correlation of r 
= .40. 
As noted, depending on the domain, the task characteristics can be pre-defined. For 
example for nutrition label research, [name deleted to maintain the integrity of the review 
process] assigned values of either high, medium or low for eight nutrients across eighteen 
orthogonal label designs. The design was balanced so that there were six instances of high, 
medium and low for each nutrient. Further, to ensure nutrient levels varied across labels, the 
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nutrient values were randomly assigned within a 12.5% band at each of the low/medium/high 
levels. This helped ensure the labels were realistic while maintaining orthogonality. 
6. Data Collection Procedures 
This section covers the design of the user trial procedures used for data collection. A repeated 
measures design where participants complete all the tasks is used. Repeated measures designs 
reduce unsystematic variability in the design (Field 2009) and control for individual 
differences, which are probably the largest source of variation in most research studies in 
ergonomics. Using a repeated methods approach it is possible to identify the variance due to 
individual differences and this leads to more precise analysis (Pedhazur 1982). Disadvantages 
of repeated measures designs are practice effects and fatigue, although the randomisation or 
counter balancing can counteract these issues. 
The repeated measures design includes the task characteristics as IVs and the DV is 
the chosen performance metric, e.g. errors or time. The task designs are then presented in a 
random order for completion by sufficient participants. A sufficient number of participants 
being based on guidance (e.g. Green 1991) for the minimum number of observations in 
multiple linear regression analysis, e.g. (20 x TCs) divided by the number of task designs 
(owing to the repeated measures design). For example, Table 2 shows examples of the 
number of required tasks for a fractional factorial design (Hair et al. 2006), minimum 
observations for the regression analysis (Green 1991) and minimum number of participants 
given various numbers of task characteristics and associated levels. 
 
 
TCs 
 
Levels 
 
Tasks 
Minimum 
Observations 
 
Participants 
4 2 5 80 16 
4 3 9 80 9 
8 2 9 160 18 
8 3 17 160 9 
16 2 17 320 19 
Table 2. Examples of the number of experimental tasks, repeated measures observations and 
participants required. 
 
7. Development of Regression Model and Task Characteristic Analysis 
Multiple linear regression is eminently suited for analysing effects of independent variables 
(task characteristics) on a dependent variable (chosen metric). As introduced above, the 
choice of variables and approach should be determined by a theoretical framework that 
explains the nature of the relationship between the variables being studied (Pedhazur 1997). 
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Further, regression is a widely used technique in various studies to model the relationship 
between system design factors and human performance (Han and  Hong 2003).  
Multiple regression can be applied in both predictive and explanatory research. 
Predictive research is aimed at the development of models to predict criteria of interest by 
utilising information from one or more predictors. Explanatory research is aimed at the 
testing of hypotheses formulated to explain the phenomena of interest (Pedhazur and 
Pedhazur Schmelkin 2013). The distinction between explanation and prediction should be 
borne in mind when setting out the research question, especially if the results of a predictive 
study are interpreted as explanations (Pedhazur 1982). For example, theoretically driven 
explanatory approach may not always produce the best predictive model. However, it can be 
argued that theory is the best guide to selecting independent variables and explanatory 
research may serve as the most powerful means for prediction, and Pedhazur and Pedhazur 
Schmelkin note that “If we can predict successfully on the basis of a certain explanation we 
have good reason, and perhaps the best sort of reason, for accepting the explanation” (Kaplan 
1964, 350). 
The success with the approach outlined above has been based upon a first-order 
regression model which only includes the main effects of each independent variable. Such 
models are more straightforward to interpret and enable the identification of key task 
characteristics and their relationship to the performance metric. Good practice with the 
regression analysis should be observed, for example checking for skewed metric data as 
measures such as time are often skewed towards zero. A log transformation can be a useful 
approach to restore a linear relationship. Alternative, and more involved statistical 
approaches, can also be employed depending on the research question. 
As there is multiple data for each participant from the repeated measures design, 
dummy variables to identify each participant should be created and entered in the first block 
in order to control for variability due to individual differences (Pedhazur 1982). The task 
characteristics can then be entered as a set into the second block. 
The method is designed to reduce multicollinearity affects, so diagnostic checks for 
multicollinearity (e.g. variance inflation factors) and cases exerting undue influence should 
also be performed. Owing to the orthogonal design there should not be a need to exclude 
model items in order to deal with multicollinearity. The R Square Change figure will indicate 
the variance in the chosen metric accounted for by the task characteristics, independent of 
individual differences captured by the dummy variables. The significant predictors of the 
metric will also be revealed through the standardised regression coefficients for each task 
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characteristic. These can be used to identify the significant, and most important task 
characteristics and produce a regression equation in order to predict performance. 
8. Discussion 
Although, a variety of broadly similar, and little used, approaches are available 
(Naugraiya & Drury, 2009), the method presented offers an efficient method for establishing 
the relationship between task characteristics and performance using minimal design points. 
The method has also been shown to be effective in differing contexts: identifying the task 
characteristics that cause assembly complexity and predict performance; and enabling the 
nutrients used by foodstuff consumers to be identified, delivering robust and objective 
evidence that have contributed to case studies rated as having very considerable impact in 
terms of reach and significance (name deleted to maintain the integrity of the review 
process). The relationship model allows the prediction of performance and the relative 
influence of task characteristics to be identified. Such findings inform understanding of tasks 
and ultimately can inform design. Further, the control of variables is fundamental to any 
experimental work, and the method presented includes and enables that, with the possibility 
of creating incremental increases in task complexity for further research or training. 
The tightly controlled approach presented is justified by the need for objectivity and 
to reveal the effects of multiple variables. However, this systematic approach does bring 
disadvantages. It requires research time and resources, with the task design phase bringing 
some complexity, although the minimal fractional-factorial design is particularly efficient, 
while also delivering results comparable to those obtained by resource intensive 
methodologies such as eye-tracking. Further, the task design aspect can lead to somewhat 
contrived tasks in the user trials because the tasks created from orthogonal task characteristic 
levels by nature can appear artificial. The extent of this as an issue depends on the domain of 
methods application, and it is an issue for the researcher to consider when considering using 
this approach.  It is also the case that once the relationship of the task variables to 
performance has been established with an orthogonal design, a return to investigating real-
world assemblies is possible. An alternative approach for those wishing to forgo the 
orthogonal design is to employ other forms of analysis, for example principal component 
analysis; although the results may be more difficult to interpret into clear guidelines. 
One reason why the approach to analysis presented is more accessible is it is based on 
a main effect model. Interaction effects are not accounted for with regression analysis, 
although interaction terms can be created and included in the analysis. However, the addition 
of these interaction terms means there is a danger of overfitting the model to chance 
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variations in the data. Therefore, interaction terms should only be added when a theoretical 
rationale exists. Interaction effects from non-theory based interaction terms are unlikely to 
occur in other datasets. Further, independent variables in the regression equation can be 
highly correlated with cross product interaction terms, making it difficult to assess the 
relative importance of interaction effects and main effects. It should be noted that [name 
deleted to maintain the integrity of the review process] found results achieved when adding 
cross product interaction terms were not replicated, suggesting that interaction effects were 
artifacts of overfitting. The consistency of the main effects model over several studies also 
reduces the possibility of higher-order interactions and supports the focus on a main effects 
model, however the model cannot explain the complex relationship between task 
characteristics and performance completely. 
9. Conclusion 
The ergonomics approach often requires understanding of the separate effects of 
multiple factors on performance. Through systematically varying these factors in an 
orthogonal and fractional factorial design their separate effects on task performance can be 
better understood. As with any method, before proceeding with its use, there is a need to 
ensure it is appropriate for the given research question. A key factor being whether it can be 
applied in the domain area; that is can the task characteristics be manipulated within tasks 
that users can perform. The strength of the method is the systematic creation of independent 
variability in order to reveal the separate effects of task characteristics. The repeated 
measures design provides an efficient use of resources and can be used in both research and 
design settings. The method creates a relationship model that can improve task knowledge 
and understanding by identifying key task variables, which can also be utilised as a basis for 
successful prediction. There are many potential applications for this approach, from 
understanding the relationship between the physical characteristics of a task and the difficulty 
of performing that task to inform product design, to understanding how task information 
relates to decision-making, or used within experimental paradigms for added control and 
rigour. Further, including a theoretical basis during task characteristics selection can also 
inform theoretical understanding in the chosen area of application.  
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